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A B S T R A C T
Freely available Global Digital Elevation Models (GDEMs) are essential for many scientiﬁc and humanitarian
applications. Recently, TanDEM-X 90 has been released with a global coverage at 3 arc sec resolution. Its release
is sure to generate keen interest as it provides an alternative to the widely used Shuttle Radar Topography
Mission (SRTM) DEM, especially for ﬂood risk management as for low slope ﬂoodplains height errors can be-
come particularly signiﬁcant. Here, we provide a ﬁrst accuracy assessment of TanDEM-X 90 for selected
ﬂoodplain sites and compare it to other popular global DEMs – the Shuttle Radar Topography Mission (SRTM)
and the error-reduced version of SRTM called Multi-Error-Removed-Improved-Terrain (MERIT) DEM. We
characterize vertical height errors by comparing against high resolution LiDAR DEMs for 32 ﬂoodplain locations
in 6 continents. Results indicate that the average vertical accuracy of TanDEM-X 90 and MERIT are similar and
are both a signiﬁcant improvement on SRTM. We further our analysis by assessing vertical accuracy by land-
cover, with our results suggesting that TanDEM-X 90 is the most accurate global DEM in all landcover categories
tested except short vegetation and tree-covered areas where MERIT is demonstrably more accurate. Lastly, we
present the ﬁrst characterization of the spatial error structure of any TanDEM-X DEM product, and ﬁnd the
spatial error structure is similar to MERIT, with MERIT generally having lower sill values and larger ranges than
TanDEM-X 90 and SRTM. Our ﬁndings suggest that TanDEM-X 90 has the potential to become the benchmark
global DEM in ﬂoodplains with careful removal of errors from vegetation, and at this stage should be used
alongside MERIT in any ﬂood risk application.
1. Introduction
Spaceborne Global Digital Elevation Models (GDEMs) are an es-
sential source of topographic information for a wide range of studies
including glacial mass balance (Berthier et al., 2006), ﬂood inundation
modelling (Sampson et al., 2015), vegetation mapping (Simard et al.,
2011) and volcanology (Grosse et al., 2012). Freely available high ac-
curacy airborne DEMs (< 10m horizontal resolution) are only avail-
able for a very small proportion of Earth's land surface (~0.005%)
(Hawker et al., 2018a), so spaceborne GDEMs oﬀer the best source of
topographic information for most of the Earth. Several freely and
commercially available global DEM products exist (Table 1) with the
Shuttle Radar Topography Mission (SRTM) the most widely used de-
spite its lack of coverage at high latitudes, presence of voids and non-
negligible vertical errors. As a result, error-reduced versions of SRTM
have been produced (see Table 1).
Recently, a new free-to-download global DEM has been released -
TanDEM-X 90 (https://download.geoservice.dlr.de/TDM90/). With a
complete global coverage at 3 arc-seconds resolution (~90m at the
equator), TanDEM-X 90 provides an alternative to the existing global
DEMs and is set to spark interest amongst scientists seeking to improve
the representation of topography in their studies. To date, error as-
sessment of the TanDEM-X DEM has only been carried out on the non-
freely available 0.4 arc-second (~12m) TanDEM-X DEM (Krieger et al.,
2007; Rizzoli et al., 2017), with no such assessment of the freely
available TanDEM-X 90. Nor has there been any assessment of the
spatial pattern of error (spatial error structure), which has important
implications for error propagation (Hunter and Goodchild, 1997) and
simulation modelling (Kydriakidis et al., 1999). We chose to focus on
low slope ﬂoodplains because: 1) Flood inundation modelling applica-
tions are particularly sensitive to height errors (Horritt and Bates, 2002)
and thus it is imperative to select the most accurate representation of
terrain to improve the accuracy of ﬂood predictions and thus most ef-
fectively guide ﬂood risk management decisions in these areas of in-
creasing exposure to ﬂooding (Jongman et al., 2012; Wing et al., 2018);
2) to avoid additional error from geometric distortion. Therefore, the
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aim of this article is to provide a comprehensive accuracy assessment of
the TanDEM-X 90 DEM in ﬂoodplains areas to help users chose the most
suitable global DEM for their application. Therefore, we ask the fol-
lowing four questions:
• What is the vertical error of TanDEM-X 90 DEM over low slope
ﬂoodplains, and how does this compare to other free global DEMs?
• How does the vertical error of TanDEM-X 90 DEM diﬀer between
ﬂoodplain landcover types?
• Does the vertical error of TanDEM-X 90 DEM vary by ﬂoodplain
slope and aspect?
• What is the spatial error structure of TanDEM-X 90 DEM in ﬂood-
plain zones?
To answer these questions, we assess TanDEM-X 90 against high-
resolution airborne LiDAR; with the high-resolution LiDAR DEM con-
sidered the reference data. Error assessment is made for 32 ﬂoodplain
locations across 6 continents, with results compared to the widely used
SRTM DEM, and an error reduced version of SRTM called MERIT
(Multi-Error-Removed-Improved-Terrain), both at 3 arc-second resolu-
tion. We justify comparing to MERIT and SRTM at 3 arc sec as both
these products are freely available like TanDEM-X 90 and are at the
same resolution. In this way we avoid the well-documented inﬂuence of
horizontal resolution on vertical error (Gao, 1997; Kienzle, 2004; Vaze
et al., 2010).
It is crucial for the reader to note that TanDEM-X 90 is a Digital
Surface Model (DSM), created from averaging the TanDEM-X 0.4 arc-
second DEM. This means that the Earth's surface height is measured
including any surface objects, and the data do not represent the bare
surface (or Digital Terrain Model (DTM)). In other words, the elevation
corresponds to the reﬂectance surface of the X-band signal. While X-
band can penetrate clouds and is unaﬀected by day/night conditions,
the signal is reﬂected from a surface (e.g. roof of a building, the top of a
tree or the bare earth), thus giving an elevation of the surface and not
the terrain. However, the X-band signal can partially penetrate vege-
tation with the scattering centre in trees typically found in the upper
part of the vegetation as opposed to at the crown, with the scattering
properties also dependent on tree species (Schlund et al., 2014). Like,
TanDEM-X 90, SRTM is also a DSM, while MERIT can be considered a
DSM with approximated vegetation correction as vegetation artefacts
(but not buildings) have been removed from the source SRTM data set
(Yamazaki et al., 2017). The high-resolution LiDAR elevation models
that are acting as a reference are DTMs. Unlike MERIT, LiDAR DTMs are
generated based on ground returns. LiDAR DTMs were used instead of
LiDAR DSMs for three reasons: 1) Most applications (e.g. ﬂood mod-
elling) require a bare-earth surface representation of terrain; 2) A DSM
is more likely to vary over time (e.g. deforestation, urbanization), while
a DTM remains relatively constant over time, so the comparison is more
consistent; 3) LiDAR DSMs were not available for all sites. In addition,
we are assessing TanDEM-X 90 DEM version 1, which is the initial re-
lease (and latest available) but which might contain processing arte-
facts, outliers, noisy areas and voids (DLR, 2018).
1.1. Background of TanDEM-X
The TanDEM-X mission produced a 0.4 arc-second DEM that covers
all 150 million km2 of the Earth's landmasses from pole to pole (Krieger
et al., 2007; Rizzoli et al., 2017; Zink et al., 2014). In its 0.4 arc-second
form, TanDEM-X has been used in a number of applications including
archaeology (Erasmi et al., 2014), agricultural (Erten et al., 2016),
ﬂooding (Archer et al., 2018; Mason et al., 2016), forest mapping
(Martone et al., 2018), glaciology (Malz et al., 2018; Rankl and Braun,
2016; Rott et al., 2014), volcanology (Albino et al., 2015; Kubanek
et al., 2015; Poland, 2014; Rossi et al., 2016) and urban studies (Rossi
and Gernhardt, 2013). Elevations were derived by single pass Synthetic
Radar Aperture (SAR) interferometry. Pairs of SAR images were
collected at the same time from the twin satellites of TerraSAR-X and
TanDEM-X which ﬂew in a close helix formation (300-500m apart).
Images were acquired over a 4-year period between December 2010
and January 2015 (Zink et al., 2014). Bi-static interferometry was used
whereby pulses are transmitted by the antenna of one satellite with the
backscattered signal received by both satellites. Multiple pairs of
images across diﬀerent seasons were acquired, with all land masses
covered at least twice (Borla-Tridon et al., 2013) in order to facilitate
the random height accuracies by averaging elevations from each scene
(Gonzalez and Brautigam, 2015; Gruber et al., 2016). ICESat space-
borne altimeter data (Zwally et al., 2009) was used to calibrate the DEM
(Rizzoli et al., 2017). While SAR imagery has the advantage that it is
unaﬀected by weather or day/night conditions, the measured elevation
corresponds to the reﬂectance surface of the X-band signal. An inter-
mediate DEM product (IDEM) was released in 2014, but was limited in
coverage and was based on only the ﬁrst year of acquisitions. It took
until 2016 for the ﬁnal 0.4 arc-second product (TanDEM-X 12) to be
released (Rizzoli et al., 2017).
Mission speciﬁcations for TanDEM-X target a 10m absolute vertical
accuracy (90% linear error, LE90) and a 2m relative vertical accuracy
for slopes< 20%, or 4m for slopes> 40% (Wessel, 2016). The vertical
accuracy of the ﬁnal TanDEM-X DEM at 0.4 arc-seconds has been as-
sessed based on comparisons with ICESat points (Rizzoli et al., 2017),
height error maps (HEM) (Gonzalez and Rizzoli, 2018) or KGPS, GPS
and LIDAR measurements (Wessel et al., 2018). Using ICESat data,
Rizzoli et al. (2017) calculated a global LE90 value of 3.49m, or just
0.88m when forested or ice cells were not considered (RMSE not re-
ported). Based on 14 million KGPS points, Wessel et al. (2018) report
RMSE values of 1.29m. Accuracy measurements based on these KGPS
utilized measurements were acquired by mounting a GPS antenna on
top of a car and driving along roads so the range of landcover types is
limited. By also comparing TanDEM-X to 23,951 GPS benchmark points
taken across the USA and to 3 high-resolution LiDAR based DEMs,
Wessel et al. (2018) report RMSE values of 1.1m for short vegetation,
1.4 m for developed vegetation and 1.8m for forests. Most recently,
Gonzalez and Rizzoli (2018) used Height Error Maps (HEM) maps to
estimate relative height accuracy (or random error), reporting a global
value of 1.25m (thus below the mission speciﬁcation of 2m), with the
relative height error larger in landcover associated with forests.
TanDEM-X has also been compared to other global DEMs (except
MERIT), with TanDEM-X performing favorably (Grohmann, 2018).
However, to date there has been no vertical accuracy assessment of the
TanDEM-X 90 product or comparison of it to other freely available
global DEMs at 3 arc-second. Neither has there been any quantiﬁcation
of the spatial error structure for any TanDEM-X product.
Despite the improved accuracy and ﬁner horizontal resolution
compared to other global DEMs, the number of applications using
TanDEM-X at 0.4 arc-seconds has been limited. This is due to the
TanDEM-X at 0.4 arc-seconds only being freely available (currently)
upon approval of a scientiﬁc proposal, with the quota limited to an area
of 100,000km2. As a result, users have typically stuck with using the
SRTM product or increasingly the MERIT DEM or ALOS AW3D30 DEM.
However, the ease of access to the new TanDEM-X 90 overcomes the
access limitations, so it is important to understand the accuracy of
TanDEM-X 90 and how it relates to other global DEMs so users can
make an informed decision whether to switch to TanDEM-X 90 in
ﬂoodplains.
1.2. Study areas
To assess the accuracy of a DEM a reference dataset is needed.
According to Maune (2007, pp.407), the accuracy of the reference da-
taset should be at least three times more accurate than the DEM being
assessed. The TanDEM-X mission set a 10m LE90 absolute error re-
quirement, which results in a required LE90 error of 3.3 m for a re-
ference dataset, leading to a Standard Deviation (STD) accuracy
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requirement of< 2m.
For this study we chose to use high resolution (< 10m horizontal
posting) LiDAR (Light Detection and Ranging) DEMs as a reference
dataset. We justify using LiDAR based DEMs for 3 reasons: 1) LiDAR
typically has a vertical accuracy of< 20 cm which easily fulﬁls the
accuracy requirement; 2) the spatial distribution of LiDAR elevation
values (i.e. on a regular grid) means that calculating the spatial error
structure is less susceptible to pixel sparsity; 3) the LiDAR DEMs used
provide a new set of validation sites and diﬀer from the ICESat or GPS
orientated approaches that have been used in previous TanDEM-X ac-
curacy assessments (Baade and Schmullius, 2016; Wessel et al., 2018).
LiDAR DTMs were used for all sites as this study is concerned with
assessing error against terrain height, as well as DSMs not being
available for all sites.
In total, we use high resolution LiDAR DEMs from 32 locations lo-
cated across 6 continents. We used the GFPLAIN250m ﬂoodplain deli-
neation dataset to guide our choice of site selection (Nardi et al., 2019).
All sites needed to be covered by MERIT, SRTM and TanDEM-X 90
DEMs for comparison. Sites range from relatively pristine delta en-
vironments (Wax Lake, USA) to urban centres (Piriàpolis, Uruguay) to
tropical catchments (Ba, Fiji). The cumulative area of all the high-re-
solution reference DEMs used is 11,477 km2 (or 1,416,910 90m pixels)
(Fig. 1).
2. Analysis of DEM error
In DEM accuracy assessments, the vertical height error is calculated
by subtracting the reference elevation from the DEM under assessment.
= −h h hΔ i i GDEM i ref, , (1)
where Δhi is the vertical height error of pixel i, hi, GDEM is elevation of a
GDEM pixel and hi, ref is the elevation of a reference DEM pixel. We
assess DEM accuracy using mean error (ME), mean absolute error
(MAE), root mean square error (RMSE), median, standard deviation
(STD) and skewness. RMSE is a quadratic metric and weights large
errors more than small errors. MAE on the other hand is a linear
measure, with all values contributing equally to the overall score. We
justify using RMSE as it is the standard (although contested) accuracy
metric for DEMs and we have a large number of reference points (> 1.4
million) which overcomes the frequent criticism that RMSE values are
often computed by a limited sample of reference points (Carlisle, 2005;
Fisher and Tate, 2006; Höhle and Höhle, 2009; Wood, 1996). Other
accuracy measures typically used in mission speciﬁcations (e.g. Wessel
(2016)) and other DEM accuracy studies are included in supplementary
material.
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While the above metrics are a useful summary of vertical error in
DEMs, they give a single global measure of deviations and thus do not
describe the spatial pattern of error (Fisher and Tate, 2006; Monckton,
1994; Wechsler, 2007).
2.1. Spatial structure of error
Tobler's First Law of Geography states that ‘nearby things are more
similar than distant things’ (Tobler, 1970). While a global average error
can be small, local errors can be large and also spatially autocorrelated
(Holmes et al., 2000). The spatial structure of error is seldom reported
for global DEMs (Fisher and Tate, 2006; Wechsler, 2007), with only
several studies for SRTM (Hawker et al., 2018b; LaLonde et al., 2010;
Rodriguez et al., 2006; Shortridge, 2006; Shortridge and Messina,
2011) and just one for MERIT (Hawker et al., 2018b).
The spatial structure of DEM error is calculated using semi-
Fig. 1. Location of study sites.
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variograms (Curran, 1988; Deutsch and Journel, 1998; Goovaerts,
1997; Wechsler and Knoll, 2006). We use the method from Hawker
et al. (2018b) which is brieﬂy summarised here. A semi-variogram is
ﬁtted to the diﬀerence map (i.e. SRTM/MERIT/TanDEM-X 90 - LIDAR),
with stationarity and isotropy assumed based on testing with direc-
tional semi-variograms. The semi-variogram is deﬁned as:
= ⎡
⎣⎢
− ′ − ′ =γ h X s X s where s s h( ) 1
2
{ ( ) ( )} || ||2
(7)
where s and s′ are vectors of spatial coordinates, X is the diﬀerence in
elevation at location s between LiDAR and SRTM/MERIT/TanDEM-X
90 and h is the ‘lag’ or distance between locations measured in decimal
degrees. Calculating empirical semi-variograms is interesting in its own
right, but by ﬁtting a model semi-variogram to the data an ensemble of
plausible DEMs can be simulated (Deutsch and Journel, 1998;
Goovaerts, 1997; Hawker et al., 2018b; Holmes et al., 2000). There is
no best way to ﬁt semi-variogram models, but the chosen model should
capture the main spatial features while not over-ﬁtting (Goovaerts,
1997). Upon inspection of the empirical semi-variograms and a com-
parison between semi-variogram models, we chose a double-ex-
ponential shape model with the form:
⎜ ⎟ ⎜ ⎟= ⎧⎨⎩
− ⎛⎝
− ⎞
⎠
⎫⎬⎭
+ ⎧⎨⎩
− ⎛⎝
− ⎞
⎠
⎫⎬⎭
γ h σ h
a
σ h
a
( ) 1 exp 1 exp12
1
2
2
2 (8)
where a1, a2 represent the range, σ12 the ‘near’ component (~500m)
and σ22 the ‘far’ component (~1000m). For more information the
reader is referred to Hawker et al. (2018b). From the ﬁtted semi-var-
iogram, the sill and the range parameters can be calculated, with the sill
referring to the semi-variance value at which the semi-variogram levels
oﬀ and is the marginal standard deviation, and the range is the distance
at which the semi-variogram eﬀectively reaches the sill value, with
pairs of points beyond this distance not spatially correlated.
3. Data
3.1. Reference data
High-resolution LIDAR DEMs for 32 locations were acquired to use
as the reference data. Further details of the datasets used, including
acquisition time can be found in the supplementary materials. All re-
ference DEMs were resampled to the global DEM resolution (90m)
using bilinear resampling.
3.2. Global DEMs
The TanDEM-X 90 product can be freely downloaded from https://
download.geoservice.dlr.de/TDM90/ after a simple registration proce-
dure. Each TanDEM-X 90 DEM is available in 1°× 1° tiles. TanDEM-X is
unusual amongst global DEMs as each downloaded tile comes with a
comprehensive list of 7 auxiliary ﬁles – a height error map (HEM), a
water indication mask (WAM), a coverage map (COV), a consistency
mask (COM), a layover and showdown mask (LSM) and 2 amplitude
mosaic layers. Further details of these auxiliary ﬁles can be found in
Wessel (2016). To compare with the TanDEM-X 90 data, we obtained
MERIT DEM (Yamazaki et al., 2017) tiles from http://hydro.iis.u-tokyo.
ac.jp/~yamadai/MERIT_DEM/ and CGIAR-CSI (Consortium for Spatial
Information) SRTM 4.1 (Jarvis et al., 2008) tiles from http://srtm.csi.
cgiar.org/Index.asp. The MERIT DEM was created by using multiple
satellite data sets and ﬁltering techniques to identify and reduce ab-
solute bias, stripe noise, speckle noise and tree height bias from SRTM.
Therefore, MERIT can be considered an error-reduced version of SRTM,
with accuracy assessments suggesting a signiﬁcant improvement over
SRTM (Chen et al., 2018; Hawker et al., 2018b) and could thus be
Fig. 2. Distribution of vertical error for MERIT, SRTM and TanDEM-X 90. The x axis has been restricted to −15 to +15m for visualisation. The y axis is the
distribution of the error (GDEM – Reference LiDAR).
Table 2
Descriptive statistics for MERIT, SRTM and TanDEM-X 90 (outliers± 15m).
DEM No. of points ME (m) MAE (m) RMSE (m) STD (m) Median (m) Skewness
MERIT 1,411,475 1.09 1.69 2.32 2.04 0.99 0.80
SRTM 1,389,850 1.30 2.92 3.91 3.69 1.13 0.73
TanDEM-X 90 1,375,407 1.06 1.74 3.10 2.91 0.13 2.09
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Table 3
Descriptive statistics for MERIT, SRTM and TanDEM-X 90 for all locations (outliers± 15m).
Location DEM No. of points ME (m) MAE (m) RMSE (m) STD (m) Median (m) Skewness
Adolpho Ducke MERIT 1311 11.30 11.30 11.50 2.10 11.48 −0.46
SRTM 55 14.24 14.24 14.26 0.82 14.52 −2.45
TanDEM-X 90 141 9.60 9.89 10.74 4.84 11.31 −1.22
Amberley MERIT 9871 1.86 1.99 2.44 1.59 1.66 0.88
SRTM 9817 2.16 2.27 3.12 2.25 1.68 1.73
TanDEM-X 90 9688 1.02 1.13 2.48 2.26 0.16 3.41
Ba MERIT 6997 0.34 1.22 1.70 1.66 0.42 −0.38
SRTM 6919 3.54 3.61 4.43 2.67 2.89 0.93
TanDEM-X 90 6997 2.08 2.12 2.92 2.05 1.35 1.12
Burdekin MERIT 44,985 2.64 2.70 2.90 1.22 2.66 −0.47
SRTM 44,418 3.43 3.46 3.85 1.76 3.30 0.37
TanDEM-X 90 44,982 1.75 1.77 2.42 1.68 1.27 1.61
Cadillac MERIT 30,847 1.10 1.28 1.55 1.08 1.12 −0.18
SRTM 30,847 −2.20 2.24 2.51 1.20 −2.19 −0.13
TanDEM-X 90 30,805 −0.40 0.97 1.44 1.38 −0.45 0.47
Cape Town MERIT 322,770 1.36 1.92 2.52 2.12 1.35 0.17
SRTM 321,804 2.29 2.49 3.16 2.17 2.09 0.79
TanDEM-X 90 322,695 0.34 0.89 1.59 1.56 −0.01 1.90
Cauaxi MERIT 1273 11.47 11.47 11.65 2.06 11.70 −0.61
SRTM 1408 1.37 2.26 2.80 2.44 1.47 −0.17
TanDEM-X 90 28 11.93 11.93 12.36 3.29 12.84 −1.87
Ebro MERIT 22,532 −1.27 1.34 1.55 0.89 −1.22 −0.32
SRTM 22,516 −1.31 1.52 1.93 1.41 −1.26 −0.49
TanDEM-X 90 22,524 −0.81 0.93 1.10 0.74 −0.89 4.20
Eel MERIT 23,787 −0.90 1.86 2.62 2.46 −1.02 1.15
SRTM 23,376 −1.13 2.77 3.54 3.35 −1.99 2.22
TanDEM-X 90 22,986 0.25 1.64 2.86 2.85 −0.89 2.98
Kaiapoi MERIT 23,906 1.11 1.36 1.88 1.51 0.95 1.42
SRTM 23,579 1.21 1.76 2.76 2.48 0.67 1.95
TanDEM-X 90 23,638 1.07 1.18 2.42 2.17 0.29 3.24
Kaikoura MERIT 7809 1.89 2.15 2.55 1.72 1.87 −0.87
SRTM 7808 2.68 2.83 3.35 2.01 2.44 0.29
TanDEM-X 90 7793 0.59 0.78 1.75 1.65 0.02 3.79
Kishima MERIT 12,059 −1.60 1.76 2.09 1.34 −1.57 −0.16
SRTM 11,982 −3.12 3.22 3.68 1.96 −3.14 0.06
TanDEM-X 90 12,059 −0.20 0.36 0.50 0.46 −0.24 −0.56
Kushiro MERIT 24,491 1.07 1.35 1.84 1.49 1.03 1.74
SRTM 24,453 −0.32 1.52 1.97 1.94 −0.78 1.74
TanDEM-X 90 24,440 1.07 1.09 1.67 1.29 0.66 3.63
Matsalu MERIT 31,703 1.07 1.21 1.36 0.84 1.14 −1.22
SRTM 31,702 2.31 2.31 2.70 1.40 1.97 1.84
TanDEM-X 90 31,569 1.11 1.18 2.56 2.30 0.24 2.88
Mekong MERIT 63,748 1.77 1.81 2.15 1.22 1.52 1.46
SRTM 63,782 1.33 2.20 2.89 2.57 1.08 0.23
TanDEM-X 90 63,793 1.72 1.73 2.04 1.09 1.35 2.02
Mississippi MERIT 22,618 1.36 1.52 1.90 1.33 1.28 0.74
SRTM 22,118 1.32 1.60 2.05 1.56 1.17 0.55
TanDEM-X 90 22,621 0.23 0.42 0.61 0.57 0.26 −1.06
Nadi MERIT 15,948 −0.57 1.40 2.06 1.98 −0.27 −1.42
SRTM 15,925 1.68 2.00 2.54 1.91 1.55 0.10
TanDEM-X 90 15,951 0.88 1.23 1.88 1.66 0.50 1.08
Notsuke MERIT 72,991 0.14 1.67 2.50 2.49 −0.20 1.47
SRTM 70,822 0.43 1.80 2.74 2.70 −0.10 1.66
TanDEM-X 90 71,317 3.70 3.83 5.44 3.98 2.01 0.86
Otaki MERIT 11,299 2.42 2.67 3.02 1.80 2.49 −1.19
SRTM 11,259 2.98 3.02 3.52 1.87 2.75 1.32
TanDEM-X 90 11,225 0.62 0.95 1.98 1.88 −0.06 3.75
Parnu MERIT 53,505 1.51 1.59 1.99 1.29 1.31 1.82
SRTM 52,198 3.91 3.91 5.31 3.60 2.27 1.29
TanDEM-X 90 51,060 1.95 2.11 3.92 3.39 0.31 1.93
Piriapolis MERIT 2244 2.06 2.85 3.67 3.04 1.91 0.17
SRTM 2208 3.10 3.25 4.28 2.94 2.49 1.13
TanDEM-X 90 2231 1.82 2.05 2.84 2.17 1.63 0.68
Po Delta MERIT 40,120 −0.57 1.14 1.48 1.37 −0.67 0.63
SRTM 40,113 −1.85 2.21 2.59 1.80 −2.00 1.63
TanDEM-X 90 40,117 −1.15 1.54 1.85 1.44 −1.29 2.62
Roanoke MERIT 89,247 1.66 2.05 2.64 2.05 1.56 0.77
SRTM 87,159 6.43 6.51 7.39 3.65 6.64 −0.10
TanDEM-X 90 77,641 3.70 4.17 5.73 4.37 2.89 0.47
Savannah MERIT 100,219 2.19 2.47 3.22 2.36 1.76 0.77
SRTM 90,696 4.42 4.66 6.26 4.44 2.86 0.73
TanDEM-X 90 90,335 2.64 2.93 5.07 4.32 0.12 1.27
(continued on next page)
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deemed the most suitable global DEM for most applications. We chose
this version of SRTM as it is void ﬁlled and has been used in a large
number of studies. The reader should also be aware of the elevation
products used in this analysis have diﬀerent acquisition times (MERIT/
SRTM 2000; TanDEM-X 2010–2015; LiDAR variable). To minimize the
potential impact of temporality we visually inspected each site in
Google Earth for any noticeable landcover changes and determined that
signiﬁcant changes had not taken place. The ASTER GDEM was not
assessed in this study, as accuracy measurements have been unfavour-
able when comparing to SRTM (Athmania and Achour, 2014; Rexer and
Hirt, 2014).
3.3. Landcover
We obtain landcover information from the Climate Change Institute
(CCI) Land Cover Map (Santoro et al., 2017). The CCI Land Cover Map
has annual coverage from 1992 to 2015 and is based on MERIS and
SPOT-Vegetation datasets. The resolution is approximately 300m at the
equator and there is a total of 37 land cover classes. As SRTM, (and thus
MERIT) were acquired in 2000, we used the CCI Land Cover Map from
2000. On the other hand, TanDEM-X 90 was acquired between 2010
and 2015, so we used the land cover map from 2010. This was neces-
sary as some land cover changed within the decade between the DEM
acquisitions.
4. Method
4.1. Datum conversion
TanDEM-X 90 elevations are referenced to the WGS84(G1150) el-
lipsoid, while MERIT/SRTM elevations are orthometric heights refer-
enced to the EGM96 Geoid. Thus, to compare elevations, TanDEM-X 90
elevations were transformed to the EGM96 Geoid using the vdatum
version 3.9 software (NOAA, 2018). Datum levels for the reference
DEMs were also transformed as necessary.
4.2. Water masking
Water surfaces in interferometric radar data show a low amount of
coherence due to temporal decorrelation and low backscatter, and thus
elevation values over water surfaces are often noisy (Wendleder et al.,
2013). Therefore, water pixels are masked as non-valid in all DEMs. In
the auxiliary ﬁles of TanDEM-X 90 a Water Indication Mask (WAM) is
included. Values in the WAM ﬁle are coded as a bit mask where values
correspond to the number of acquisitions with detected water by
thresholds of the SAR amplitude or coherence. Islands smaller than 1 ha
(1×104 m2) and water bodies smaller than 2 ha (2× 104 m2) are
excluded in the WAM ﬁle. Values from 3 to 32 are when water is de-
tected based on the amplitude only, while 33–127 are when water is
detected based on coherence thresholds. When values are from 33 to
64, water is detected on only a single occasion. Further details on the
bit mask of the WAM ﬁle can be found in Wessel (2016). After an
analysis of the WAM ﬁles, we chose a byte value of> 65 to use as a
water mask with matching pixels in the TanDEM-X 90 DEM masked as
non-valid. Our chosen value matched well with satellite imagery and
matches the value used by Grohmann (2018).
4.3. Error maps
Elevation error maps were created by subtracting the reference DEM
from the global DEM (MERIT/SRTM/TanDEM-X 90). These maps are
useful for visualising the spatial distribution of errors and allow for an
inference on the causes of the error, especially when compared to sa-
tellite imagery. Error maps for TanDEM-X 90 can be found in the sup-
plementary materials.
5. Results and discussion
5.1. Vertical accuracy
The vertical accuracy of TanDEM-X 90 is compared to MERIT and
SRTM for 32 sites. The distribution of vertical error by DEM is plotted in
Fig. 2 and the descriptive statistics can be found in Table 2. We remove
outliers which we classify as pixels with errors ± 15m which is ap-
proximately 3 standard deviations (i.e. the 3 sigma rule).
Fig. 2 reveals that the vertical errors in MERIT and SRTM have a
more normal shape, being unimodal and symmetric, whereas TanDEM-
X 90 errors have a strikingly bimodal distribution The ‘jagged’ nature of
the SRTM distribution is likely to be due to elevation values being given
as integers.
Table 2 reveals that TanDEM-X 90 and MERIT have a similar ac-
curacy. Both MERIT and TanDEM-X 90 are more accurate than SRTM.
Table 3 (continued)
Location DEM No. of points ME (m) MAE (m) RMSE (m) STD (m) Median (m) Skewness
Solothun MERIT 6960 1.49 1.62 2.18 1.59 1.18 1.29
SRTM 6721 −1.23 2.66 3.62 3.41 −1.60 0.67
TanDEM-X 90 6778 0.99 1.35 2.43 2.21 0.23 2.00
Surrey MERIT 56,861 1.71 2.05 2.88 2.32 1.33 1.31
SRTM 55,597 2.70 3.04 4.35 3.41 1.85 1.26
TanDEM-X 90 53,917 2.16 2.83 4.29 3.71 1.22 0.96
Tarm MERIT 13,938 1.46 1.47 1.57 0.57 1.47 −0.16
SRTM 13,937 −0.17 0.61 0.83 0.81 −0.23 1.81
TanDEM-X 90 13,792 0.13 0.50 1.04 1.03 −0.09 3.12
Temuka MERIT 26,909 1.01 1.13 1.59 1.23 0.78 1.63
SRTM 26,891 0.82 1.19 1.87 1.68 0.49 2.20
TanDEM-X 90 26,904 0.25 0.46 1.20 1.18 −0.08 5.07
Tewkesbury MERIT 18,894 0.95 1.21 1.54 1.21 0.94 0.46
SRTM 18,890 0.45 1.04 1.60 1.54 0.27 1.89
TanDEM-X 90 18,798 0.21 1.08 1.95 1.94 −0.12 1.98
Vaudreuil Soulanges MERIT 229,585 0.29 0.84 1.21 1.17 0.22 0.51
SRTM 229,542 −2.57 3.12 3.50 2.37 −3.00 1.25
TanDEM-X 90 226,823 0.23 1.65 2.71 2.70 −0.77 2.53
Waterloo MERIT 17,532 1.13 1.89 2.58 2.32 0.94 0.62
SRTM 17,480 1.44 2.51 3.56 3.25 0.95 1.02
TanDEM-X 90 17,243 0.82 2.18 3.28 3.17 0.28 1.39
Wax Lake MERIT 4516 1.12 1.24 1.51 1.00 1.24 −0.28
SRTM 3828 1.87 1.99 2.50 1.66 1.67 1.07
TanDEM-X 90 4516 0.41 0.78 1.63 1.58 0.02 4.11
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Table 4
Descriptive statistics for vertical error in SRTM, MERIT and TanDEM-X 90 by landcover category (with outliers removed). The DEM with the best vertical accuracy is
highlighted in grey.
Fig. 3. Density plot of error by landcover category. The y axis is the probability density function of the vertical error (GDEM – Reference LiDAR).
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TanDEM-X 90 has a mean error (ME) of 1.06m, mean absolute error of
1.74m and RMSE of 3.16m. While these metrics are greater than those
reported by Wessel et al. (2018) when they compared to KGPS and GPS
points, our values align more closely with their values when comparing
to high-resolution DEMs. It should be noted that Wessel et al. (2018)
used TanDEM-X at 12m for their analysis. MERIT has a marginally
higher ME (1.09m), but lower MAE (1.69m) and RMSE (2.32 m) than
TanDEM-X 90. MERIT is slightly positively skewed (0.80), while
TanDEM-X has a relatively large positive skew (2.09). The density
distribution of errors in Fig. 2 shows a narrower spread of errors for
Fig. 4. Distribution of vertical error for MERIT, SRTM and TanDEM-X 90 by CCI landcover class. Landcover classes in the bare areas and tree cover categories are
shown. The x axis have been restricted to −15 to +15m for visualisation.
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TanDEM-X 90 compared to MERIT. This is also evidenced by the lower
median values (0.13m for TanDEM-X 90 compared to 0.99m for
MERIT). If considering the density distribution of errors, median values
and mean error values, TanDEM-X 90 is the most accurate GDEM.
However, if the popular RMSE metric is only considered, MERIT is the
most accurate GDEM. RMSE is a quadratic metric that puts greater
weight on large error values, thus although most of the errors in
TanDEM-X 90 are small, the larger errors are distorting the RMSE score,
despite the use of removing outliers using the 3-sigma rule. For all
metrics, SRTM is less accurate (ME of 2.16 and RMSE of 4.03) than
Fig. 5. Distribution of vertical error for MERIT, SRTM and TanDEM-X 90 by CCI landcover class. Landcover classes in the short vegetation, sparse vegetation,
shrubland and urban categories are shown. The x-axis has been restricted to −15m to +15m for visualisation.
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MERIT and TanDEM-X 90 suggesting that the error removal procedure
in MERIT has been eﬀective.
We also present the descriptive statistics for all 32 locations
(Table 3). All DEMs have a poor vertical accuracy for the Roanoke and
Savannah sites as well as Adolpho Ducke and Cauaxi in the Amazon
rainforest, with the greatest errors for the former sites having a CCI
landcover of ‘Tree, needle-leaved, evergreen, closed to open (> 15%)’
The vertical accuracy of TanDEM-X 90 is largely comparable to MERIT,
with the TanDEM-X 90 performing particularly well in the Mississippi,
Tarm and Temuka sites. In tree-covered locations such as Ba in Fiji, the
MERIT DEM has a better vertical accuracy than SRTM and TanDEM-X
90 suggesting the vegetation removal procedure has been eﬀective. In
addition, we can also compare the diﬀerences between TanDEM-X 12
and TanDEM-X 90 as both this study and the study of Wessel et al.
(2018) used Cape Town. This study only considered pixels with a slope
of 10° or less and found a ME of 0.34m and RMSE of 1.59m. This
compares to a ME of 0.30m and RMSE of 3.89m in Wessel et al. (2018).
5.2. Vertical accuracy by landcover
Using the CCI landcover classes, we assess the vertical error per
landcover class. In Table 4 we provide a summary of descriptive sta-
tistics for landcover classes split into 6 categories - Bare areas, short
vegetation, shrubland, sparse vegetation, tree covered areas and urban
areas. The DEM with the best vertical accuracy (based on RMSE) is
highlighted in green. An additional table of descriptive statistics per
individual landcover class (30 out of the possible 37 landcover classes
assessed) can be found in supplementary materials. Figs. 3, 4 and 5
show the distribution of vertical error by landcover class.
Contrary to our conclusion in 5.1, TanDEM-X 90 has the best ver-
tical accuracy in 4 out of the 6 landcover categories. TanDEM-X has
noticeably smaller errors than MERIT and SRTM in shrubland and
sparse vegetation, with RMSE values of 1.95m and 1.30m respectively.
This compares to RMSE values of 2.34m and 3.09m in the next most
accurate DEM, MERIT. The distribution of vertical error in short ve-
getation for TanDEM-X 90 (Fig. 3) has a similar bimodal distribution as
when we consider all landcover types (Fig. 2), thus leading us to con-
clude that either X-band SAR is unable to fully penetrate some short
vegetation landcovers or that this is a result of seasonality as TanDEM-X
90 has been produced from images collected across seasons. However,
for tree-covered areas, MERIT has a considerably better vertical accu-
racy with a ME of 1.69m and RMSE of 3.12 compared to an ME of
3.69m and RMSE of 5.68m for TanDEM-X 90. This is unsurprising as
MERIT has had the tree height bias removed. Our RMSE values for tree-
covered areas are higher than those found by Wessel et al. (2018) who
report an RMSE value of 1.8m for forested areas. Indeed, the vertical
accuracy of TanDEM-X 90 in tree-covered areas is more like that of
SRTM.
We go into further detail in our investigation of the eﬀect of land-
cover on vertical error by assessing the vertical error by each individual
CCI landcover class (Fig. 4, Fig. 5 and supplementary materials). We
ﬁnd that the vertical error distribution and descriptive statistics can
vary considerably within each landcover category. For instance, some
landcover classes within the tree-cover category can perform reason-
ably well (e.g. ‘Broadleaved, deciduous, open to closed (15–40%)’),
Fig. 6. Vertical error for all locations measured by root mean square error (m) for A) Slope and B) Aspect.
Table 5
Vertical error in RMSE by slope in degrees for all locations.
Slope (°) 0–0.5 0.5–1 1–3 3–6 6–10 10–15 15+
Description Flat Nearly ﬂat Very gentle slope Gentle slope Moderate slope Steep slope Very steep slope
MERIT 1.98 2.30 2.56 3.15 3.59 4.64 4.95
SRTM 4.01 3.72 3.61 3.93 4.47 6.79 7.40
TanDEM-X 90 2.92 3.18 3.34 3.58 3.90 6.07 6.42
No. of points 766,225 178,444 236,298 81,449 21,367 3218 1141
Table 6
Vertical error in RMSE by aspect for all locations. Aspect directions calculated
on a 16 point compass.
Direction Count MERIT SRTM TanDEM-X 90
N 69,418 2.30 3.98 3.33
NNE 69,187 2.30 3.94 3.28
NE 71,658 2.31 3.93 3.28
ENE 72,963 2.31 3.86 3.22
E 81,790 2.28 3.88 3.16
ESE 91,113 2.24 3.96 3.14
SE 96,433 2.18 4.07 3.04
SSE 95,650 2.14 3.95 2.87
S 89,350 2.18 3.94 2.92
SSW 83,595 2.23 3.82 2.83
SW 82,980 2.30 3.80 2.87
WSW 84,213 2.30 3.74 2.84
W 81,866 2.30 3.81 3.04
WNW 75,379 2.36 3.92 3.27
NW 72,782 2.39 4.06 3.45
NNW 69,768 2.32 3.94 3.38
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while others have a large positive bias (‘needle-leaved, evergreen,
closed to open (> 15%)’). This ﬁnding concurs with that of Gonzalez
and Rizzoli (2018) who ﬁnd a similar amount of variation with land-
cover categories when assessing relative height error.
5.3. Vertical error by aspect & slope
Despite focusing on ﬂat terrain, we further assess vertical accuracy
by aspect and slope as sloped areas are found on the edges of ﬂood-
plains and are important in delineating ﬂoodplain boundaries. Aspect
and slope are derived from the resampled LiDAR DEM at 3 arc sec, and
have been binned into 7 slope categories and 16 compass point direc-
tions (Fig. 6, Tables 5 & 6).
The error of TanDEM-X 90 is marginally higher than MERIT but
lower than SRTM for all slope categories. For all GDEMs the lowest
RMSE values are for the ﬂattest slopes. For TanDEM-X and SRTM,
RMSE values increase considerably for ‘steep’ and ‘very steep slopes’,
while this change is less for MERIT. This is likely due to the error re-
moval process in MERIT which creates a smoother surface. Wessel et al.
(2018) also found a considerable rise in RMSE values above slopes of
10° (‘steep slope’), although our analysis diﬀers slightly as Wessel et al.
(2018) bin all slopes below 10° into 1 category while we separate into 5
bins below 10° owing to our focus on ﬂatter terrain.
Error by aspect for TanDEM-X 90 varies by 0.62m, with the lowest
value in the SSW direction (2.69 m) and the highest in the NW direction
(3.45 m). SRTM has a lower variation in RMSE (0.33 m) but higher
RMSE values, while MERIT has a smaller variation (0.25m) and lower
RMSE values than TanDEM-X 90. For all DEMs we ﬁnd the largest error
in the NW direction, while the lowest errors were in the southerly and
westerly regions. Previous studies also ﬁnd the largest error in SRTM to
be in the NW direction (Gorokhovich and Voustianiouk, 2006;
Shortridge and Messina, 2011), while we are unaware of any aspect
related error estimations for MERIT or TanDEM-X 90.Similar to
Shortridge and Messina (2011), we attribute SRTM and MERIT aspect
related error to orientation of the sensor but are currently unable to
explain the reason for TanDEM-X 90. Therefore, accuracy is strongly
associated with aspect.
5.4. Spatial error
The spatial error structure describes the dependence of error spa-
tially and is of interest for error propagation and DEM simulation. We
plot semi-variograms for all locations (Fig. 7) and present semi-vario-
gram parameters by location and landcover class in Table 7 and sup-
plementary materials. To interpret the semi-variogram, low sill values
mean the DEM is more accurate, and a large range means the error is
more spatially dependent.
Broadly speaking the semi-variograms of TanDEM-X 90 resemble
those of MERIT (parameter values in supplementary materials). When
assessing by location, MERIT has the lowest sill value for 22 locations,
while for TanDEM-X 90 this is 9 (SRTM lowest for Adolpho Ducke).
TanDEM-X 90 has the highest range (errors more spatially dependent)
for 15 locations as opposed to 12 for MERIT (5 for SRTM). For some
locations (e.g. Amberley and Otaki), the semi-variograms of TanDEM-X
90 are more like those of SRTM. There are several exceptions (Notsuke
& Roanoke) where the sill values of TanDEM-X 90 are larger than
MERIT and SRTM and the range shorter.
We also compare semi-variogram parameters by landcover class.
These semi-variograms by landcover class are calculated by selecting
elevation pixels that correspond to a landcover class and masking out
all the other pixels. To produce semi-variograms, we selected landcover
classes per location with a minimum of 600 pixels. The parameters
values are in the supplementary materials but we found no discernable
pattern.
MERIT generally has lower sill values (0.5–3.4m, average 1.50m)
and shorter-range values (298–5098m, average 1382m) than TanDEM-
X 90 (sill 0.4–19.2m, average 2.74m; range 298–18,586m, average
2136m) and SRTM (sill 0.8–7.2 m, average 2.28m; range 298–7151m,
average 1334m). Therefore, MERIT can be said to be more accurate,
with errors more spatially independent compared to TanDEM-X 90 and
SRTM. TanDEM-X 90 generally has lower sill values for all landcovers
except tree covered areas where sill values are higher than MERIT.
However, the spatial error structure of TanDEM-X 90 is more like
MERIT than SRTM. This is a little surprising because MERIT has been
heavily processed and the TanDEM-X 90 version analysed here is a non-
void ﬁlled product that has had relatively little manipulation.
Fig. 7. Selected semi-variograms for the diﬀerence between MERIT-LIDAR, SRTM-LIDAR and Tandem-X 90-LIDAR. The ‘sill’ is the marginal standard deviation in
metres and the range is the distance in metres at which the correlation between two points drop to 0.05.
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6. Conclusions
In this study, we assessed the vertical error and spatial error
structure of the recently released TanDEM-X 90 global DEM for 32
ﬂoodplain locations across 6 continents. We compared our results to
popular existing global DEMs - MERIT and SRTM. Our motivation be-
hind this was to help guide DEM users in choosing the most accurate
Global DEM for their application in ﬂoodplain areas.
Our ﬁndings reveal that TanDEM-X 90 has a MAE of 1.74m and
RMSE of 3.10m for our 32 ﬂoodplain sites. This compares to a MAE of
1.69m and RMSE of 2.32m for MERIT and MAE of 2.92m and RMSE of
3.91m for SRTM. However, the density distribution of errors and the
median values reveals that the accuracy statistics for TanDEM-X 90 are
distorted by large errors, with most of the errors close to 0m. Further
investigation into vertical error by landcover class revealed that the
vertical error of TanDEM-X 90 is lower for all landcover categories
except short vegetation and tree covered areas where MERIT has a
considerably lower vertical error. This is likely due to the eﬀective
vegetation removal procedure in MERIT and the fact that the X-band
SAR of TanDEM-X and SRTM struggles to penetrate tree canopies.
However, the vertical error of each landcover class within each land-
cover category can vary considerably.
We also assessed the vertical error by slope and aspect and found
that the vertical error of all GDEMs are lowest in the ﬂattest areas, with
the error increasing by slope and increasing most for the steepest slopes
(above 10°). The lowest error for TanDEM-X was found in the SSW
direction, with all DEMs having the largest errors in the NW direction.
Moreover, we present semi-variograms to visualise the spatial error
structure of TanDEM-X 90 and ﬁnd the spatial error structure is visually
similar to MERIT, with sill values of TanDEM-X 90 between 0.4 and
19.2 m and range values between 298 and 18,586m (compared to
0.5–3.4m and 298-5098m respectively for MERIT). To our knowledge
this is the ﬁrst time that semi-variograms have been presented for any
TanDEM-X 90 DEM product.
Our analysis suggests that when choosing a Global DEM one should
consider the predominant landcover in the site. If the site is pre-
dominantly tree-covered, the MERIT DEM is likely to be most accurate.
For areas of bare ground, shrubland, urban areas and sparse vegetation
TanDEM-X 90 has the best vertical accuracy, while for short vegetation,
MERIT has a moderately better accuracy. However, the improved ver-
tical accuracy of MERIT in tree-covered areas oﬀsets its moderately
Table 7
Semi-variogram parameters for MERIT, SRTM and TanDEM-X by location.
Location DEM Sill (m) Range (m)
Adolpho Ducke MERIT 2.3 298
SRTM 1.6 389
TanDEM-X 90 19.2 18,586
Amberley MERIT 1.6 528
SRTM 2.1 592
TanDEM-X 90 2.4 722
Ba MERIT 1.5 572
SRTM 2.6 3754
TanDEM-X 90 2.0 4318
Burdekin MERIT 1.2 4188
SRTM 1.5 2382
TanDEM-X 90 1.4 4121
Cadillac MERIT 1.1 298
SRTM 1.2 298
TanDEM-X 90 1.4 1261
Cape Town MERIT 1.8 1331
SRTM 2.0 817
TanDEM-X 90 1.4 1548
Cauaxi MERIT 2.4 420
SRTM 2.4 327
TanDEM-X 90 3.3 413
Ebro MERIT 0.7 298
SRTM 1.1 298
TanDEM-X 90 0.7 298
Eel MERIT 1.6 1019
SRTM 2.8 3421
TanDEM-X 90 3.0 5675
Kaiapoi MERIT 1.4 745
SRTM 2.4 664
TanDEM-X 90 2.4 686
Kaikoura MERIT 1.5 470
SRTM 1.8 872
TanDEM-X 90 1.6 535
Kishima MERIT 1.0 1714
SRTM 1.7 365
TanDEM-X 90 0.4 450
Kushiro MERIT 1.2 2274
SRTM 1.4 1330
TanDEM-X 90 1.0 1435
Matsalu MERIT 0.8 3774
SRTM 1.3 1130
TanDEM-X 90 2.1 1052
Mekong MERIT 1.0 1440
SRTM 2.4 298
TanDEM-X 90 1.0 499
Mississippi MERIT 1.3 1438
SRTM 1.5 470
TanDEM-X 90 0.6 405
Nadi MERIT 1.7 298
SRTM 1.6 313
TanDEM-X 90 1.4 1837
Notsuke MERIT 1.6 977
SRTM 1.8 1419
TanDEM-X 90 3.2 861
Otaki MERIT 1.7 1211
SRTM 1.9 448
TanDEM-X 90 2.0 574
Parnu MERIT 1.2 1052
SRTM 7.2 7151
TanDEM-X 90 4.0 826
Piriapolis MERIT 3.4 5098
SRTM 3.0 874
TanDEM-X 90 2.3 678
Po Delta MERIT 1.1 3484
SRTM 1.7 3076
TanDEM-X 90 1.4 4786
Roanoke MERIT 2.0 779
SRTM 3.6 794
TanDEM-X 90 5.0 1890
Savannah MERIT 2.2 4682
SRTM 5.1 6332
TanDEM-X 90 5.2 5671
Table 7 (continued)
Location DEM Sill (m) Range (m)
Solothun MERIT 1.4 647
SRTM 3.0 613
TanDEM-X 90 2.0 890
Surrey MERIT 2.3 1847
SRTM 3.6 1011
TanDEM-X 90 4.1 1203
Tarm MERIT 0.5 551
SRTM 0.8 657
TanDEM-X 90 1.1 2208
Temuka MERIT 1.1 710
SRTM 1.6 471
TanDEM-X 90 1.1 863
Tewkesbury MERIT 1.1 436
SRTM 1.4 478
TanDEM-X 90 2.0 707
Vaudreuil Soulanges MERIT 1.0 624
SRTM 2.1 541
TanDEM-X 90 2.8 770
Waterloo MERIT 2.3 661
SRTM 3.5 957
TanDEM-X 90 3.6 802
Wax Lake MERIT 1.0 1077
SRTM 1.8 795
TanDEM-X 90 1.7 3215
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worse vertical accuracy compared to TanDEM-X 90 in other landcover
categories. Both MERIT and TanDEM-X 90 have consistently better
vertical accuracy than SRTM and thus should be used over SRTM. We
also ﬁnd that the accuracy statistics computed for TanDEM-X 90 are
distorted by the presence of a low number of large errors, with the
density distribution and median values revealing that most vertical
errors are close to 0. Therefore, if these large artefacts are removed,
TanDEM-X 90 is likely to be the most accurate GDEM in ﬂoodplain
locations. It should be noted that the TanDEM-X 90 product assessed
here is non-void ﬁlled and contains no vegetation or noise removal.
Thus, when noise and vegetation artefacts are removed from TanDEM-X
90 there is a distinct possibility that it could become the benchmark in
free global DEMs in ﬂoodplains.
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